Abstract
Introduction
hysical activity can be regarded as any bodily movement or posture produced by skeletal muscles and resulting in energy expenditure. 1 Aging and various aspects of behavioral variables directly affect one's physical activity level. 2 For elderly people, changes in physical activity are highly related to the transition from relatively independent living to illness and declined functional health status. This transition process is often subtle and cannot be easily perceived by caregivers or even the elderly themselves. 3 Therefore, it is important to provide objective and accurate assessment approaches to one's long-term physical activity level in a free-living environment (e.g., home) for evaluation of quality of life and overall functional health status. 4 The difficulties in assessing physical activity are primarily due to the subtle and complex nature of body movement, which requires accurate and reliable measuring techniques. A majority of assessment methods in the past relied on questionnaires or observation by regular visits, which may lead to inconsistent assessment results and inability to be applied in large-scale studies. 5 Advances in sensors, microprocessors, and wireless communication technologies have been the driving factors to facilitate continuous telemonitoring of physical activity. 6 Accelerometers have been regarded as appropriate motion sensors for the use of human movement measurement. These accelerometry-based systems can provide significant information on the details of physical activities, and further quantify the subject's mobility level at acceptable cost.
Most traditional motion sensor-based monitoring systems capitalize on off-line data processing techniques to analyze recorded human movements. 7, 8 In these systems, portable data loggers with sensor units are commonly used to record the continuous data of human movement. The recorded data are then uploaded to a personal computer (PC) and are analyzed by complex signal-processing techniques, such as fast Fourier transform, wavelet transform, or other frequency-domain processing methods. However, these offline systems are unable to provide real-time identification of human movements, let alone telemonitoring of physical activities.
Activity monitoring with real-time signal processing has been developed recently. Mathie et al. proposed a generic framework for automated human movement classification using accelerometry data. 9 The movement classification within that framework does not require complex signal processing, making it applicable to embedded systems and portable devices. Karantonis et al. also presented a real-time system for physical activity classification in home environments. 10 All the movements are classified in the real-time processing of a wearable system. However, a PC-based program is still required to identify walking. The advantages of such approaches are the capability of providing not only real-time monitoring data but also the potential of instant and timely response to emergent events.
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Home telehealth is an emerging research area that utilizes information and communication technologies to enable effective delivery and management of health services at a patient's residence. Home telehealth systems can provide access to the users' monitored data for users themselves, contributing to health self-management and reduction in in-person home visits. 12, 13 A centralized framework is used in most home telehealth systems, in which a centralized database is used for data storage and analysis. Figure 1 shows the structure of the decentralized home telehealth system developed by the authors.
14 Instead of using a centralized database that gathers data from many households, a single household is the fundamental unit for sensing, data transmission, storage, and analysis. The core of the system is the "distributed data server (DDS)" inside a household, which is a thin server designed specifically for the decentralized home telehealth system. As shown in Figure  1 , sensing data from sensors embedded in the home environment are transmitted to the DDS, and are then processed and stored in the multimedia card (MMC) of the DDS. Authorized remote users can request data from the DDS using an Internet Web browser (running Java applets) or a Visual Basic (VB) program. Event-driven messages (mobile phone text messages or e-mails) can be sent to specified caregivers when an urgent situation is detected.
There are several advantages of the decentralized structure over the traditional centralized database structure:
1. The scale of the home telehealth system is much smaller, which makes it economically viable and acceptable to the end-users. 2. Instead of sending the health monitoring data to a centralized database in a home healthcare provider, health monitoring data are stored within the household. Only authorized caregivers can access the data. Privacy is better protected. 3. The route from the sensor to server is much shorter. Data transmission is easier and more reliable. When the Internet communication fails, the local system can still function normally and keep collecting data. Thus data integrity is better preserved. 4. The home telehealth provider only needs to maintain an application server to provide e-mail, short message, and Java services. The DDS can also be used as a gateway if a centralized database is needed. Several telemonitoring applications have been developed based on this decentralized structure by the authors, including a portable device for telemonitoring of snoring and obstructive sleep apnea syndrome (OSAS) symptoms, 15 a portable device for telemonitoring of physical activities during sleep, 16 and a telepresence robot for interpersonal communication with the elderly in a home environment. 17 This study presents the design of a portable microprocessor-based motion detector to implement telemonitoring and real-time identifi- Centralized database cation of physical activity based on the decentralized home telehealth platform described above. An algorithm is developed for real-time physical activity identification in free-living environments, including three still postures (sitting still, standing still, and lying still), four postural transitions (sit-to-stand, stand-to-sit, lie-to-sit, and sit-tolie), and two dynamic movements (turning on bed and walking). In addition, possible falls can also be detected by this algorithm. Good identification accuracy was obtained in the performance evaluation. Limitations regarding real-time processing and telemonitoring of physical activities were also observed during the performance evaluation and implementation of the system in the home environment.
System Development

INSTRUMENTATION DESIGN
Referring to Figure 1 , the "sensor" in the physical activity monitoring system developed in this research is a wearable motion detector shown in Figure 2 . This device mainly consists of a programmable interface controller (PIC) microprocessor (PIC18F6722, Microchip Inc., Chandler, AZ), a radiofrequency (RF) encoder/transmitter (PT2262, Princeton Technology, Irvine, CA; TWS-CS-2, Wenshing Electronics Co., Ltd., Taipei, Taiwan), and a motion sensor module. The device is packaged in a 100 mm × 60 mm × 25 mm exterior (excluding the battery cartridge) and is 140 g in total weight. The motion sensor module utilizes a miniature micro-electromechanical system (MEMS)-fabricated tri-axial accelerometer (KXM52-1050, Kionix Inc., Ithaca, NY), which functions on the principle of differential capacitance in response to motion and constant gravity to measure both acceleration and inclination. The motion detector is attached to the pants' belt at waist level. Waist level has been considered as an appropriate position for motion sensor attachment because it is close to the center of gravity of the body. 5, 10, 18 As shown in Figure 2 , the analog signals of the accelerometer outputs are initially low-pass filtered at 50 Hz to limit the signal bandwidth in response before the following 60 Hz ADC data sampling process. Real-time computation is processed in the PIC microprocessor to cyclically identify one of the targeted physical activities. Each identified activity is immediately transmitted to the DDS via wireless RF ASK 433.92 MHz for data storage.
GENERAL PROCESSES OF THE ALGORITHM
As described earlier, the algorithm developed in this research aims to identify three still postures (lying still, sitting still, and standing still), four postural transitions (sit-to-stand, stand-to-sit, sit-to-lie, and lie-to-sit), and walking. Detection of possible falls is also featured in this algorithm. Figure 3 shows the main algorithm flowchart. There are five processing steps: sampling (Cx), pre-processing (Px), dynamic postural transition identification (DBx), still posture identification (DAx), and possible fall detection (DCx). Each data sample is processed in the time domain to generate one of the nine events described above. In the case where there is no definite result determined by the algorithm, the event will be recorded as an uncertain movement or an uncertain posture.
Referring to Figure 3 , acceleration and trunk tilt data in x-, y-, and z-axis are collected in the data sampling process, which consists 
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Previous stand-tosit or lie-to-sit? If no dynamic movement is detected (D1 = No), the 0.5-second trunk tilt data are used to identify one of the three possible still postures in the processes DAx. If a dynamic movement is detected (D1 = Yes), the secondary data sampling stage C2 is activated to collect the subsequent 1.5-second data, which follows the previously buffered 0.5-second data in C1. The median-filtering (length n = 3) and moving-averaging are also applied to the C1-C2 combined data to reduce signal spikes and high-frequency noises, respectively. The resulting processed data P represents a dynamic event for the following step-by-step identification processes.
IDENTIFYING DYNAMIC ACTIVITIES
The "slope mapping" technique, which functions as a high-pass filter, is used in many steps in the algorithm to register whether there are apparent changes in the data sequences. This process maps the data P into a binary sequence C according to equations 1 and 2. The entry c i in C is assigned "1" if the "slope" s i between two consecutive data points p i+1 and p i exceeds a specific threshold s thr . Otherwise, c i is assigned "0." Figure 4 shows an example of applying the slope mapping technique to a trunk tilt data of a sit-to-stand transition. Note that the binary sequence is expressed as a histogram to highlight the entries in "1":
The process D3 and DA1 examine the trunk tilt values according to the trunk tilt orientation shown in Figure 5 . Decision D3 is used 
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to examine the end posture (trunk tilt) state from the data segment of 1.5 seconds to 2.0 seconds out of P. An upright state here is defined as the trunk tilt within the range of 60° forward and backward with reference to vertical. Decision DA1 determines a lying posture, which is defined as the trunk tilt within the range of 60° relative to the horizontal, or within the range of 60°-120° as illustrated in Figure 5 .
IDENTIFYING SIT-STAND POSTURAL TRANSITIONS
The acceleration in vertical direction is used to identify sit-stand postural transitions because the y-axis signal is more sensitive to external motions through empirical tests. Coherent properties of the acceleration patterns were also observed in an extensive test with 15 recruited ostensibly healthy subjects of various ages (11 males and 4 females, 5 young subjects under 35 years old, 5 middle-aged subjects between 35 to 65, and 5 elder subjects over 65). The acceleration patterns of sit-stand postural transitions can be characterized by its peak order, peak distance, and peak amplitudes. Figure 6 shows an example of a vertical acceleration pattern during sit-to-stand and stand-to-sit postural transitions in slow, normal, and fast motion. In this figure, it can be observed that a positive acceleration peak appears first followed by a negative acceleration peak for sit-to-stand. A reverse order for stand-to-sit was also observed. The peak amplitude is defined as the maximum positive or negative acceleration in the data sample, and the peak distance is the time interval (in seconds) between the positive peak and the negative peak. Faster transition generates shorter peak distance with higher peak amplitudes, and slow transition generates longer peak distance with lower peak amplitudes.
As shown in the main algorithm flowchart in Figure 2 , the following decisions DB1 and DB2 identify a sit-stand postural transition if a dynamic movement with upright trunk posture is recognized (D2 = Yes, D3 = Yes). Figure 7 further illustrates the decomposed procedure of the decisions DB1 and DB2, which embodies several required thresholds and parameters for distinguishing sit-stand transitions. The first step (R 1 ) is to check the type of the peak orders. The following two steps (R 2 and R 3 ) check the peak distance (D P ) and peak amplitudes (positive peak V P and negative peak V N ) to further confirm whether the dynamic event is indeed a sit-to-stand or stand-to-sit transition.
The threshold values used in this identification process were experimentally obtained in the test with 15 subjects mentioned above. R 1 , R 2 , or R 3 must be all satisfied to identify sit-to-stand or stand-to-sit transition. Figure 8 shows an example of the acceleration pattern in vertical direction at level walking. As shown in this figure, walking movement is characterized by its fast and repeated oscillating changes in the vertical acceleration. Previous studies revealed that the frequencies of normal level walking are between 0.7 Hz and 4 Hz, with the peak acceleration values between 0.4 g and -0.3 g. 9, [19] [20] [21] Those parameters were adopted in this identification process. The decision DB3 also uses slope mapping, which processes the vertical acceleration data to identify walking movement if DB2 fails to recognize a stand-to-sit postural transition.
IDENTIFYING WALKING MOVEMENT
IDENTIFYING LIE-SIT POSTURAL TRANSITIONS
Tilt data and its end posture state (trunk orientation) are required to identify and distinguish lie-sit type postural transitions. By applying a slope mapping technique, a lie-to-sit transition produces positive increments in trunk tilt variation and ends with upright posture. On the contrary, a sit-to-lie transition produces negative increments in trunk tilt variation and ends with lying posture. Note that reverse stance (handstand) posture is not considered in the trunk tilt orientation. Decision DB4 identifies whether a lie-tosit transition if walking movement is not recognized in DB3. For a dynamic movement with recognized lying end state (D2 = Yes, D3 = No), DB5 is used to identify sit-to-lie transition if the sign of fall is not recognized (DC1 = No).
IDENTIFYING POSSIBLE FALLS AND STILL POSTURES
A fall can be intuitively regarded as a movement accompanied by unusually high acceleration peaks in a short Sit-to-stand R 2 Dp in the 0.3s-1.3s range ?
Stand-to-sit R 2 Dp in the 0.5s-1.5s range ? Identifying and distinguishing sitting still or standing still posture requires not only the trunk tilt orientation data, but also the information of previously identified postural transitions or walking movement. If a still event is not lying posture (DA1=No) and its previous event is either a sit-to-stand transition or walking movement, this event can be recognized as standing still (DA3 = Yes). On the other hand, the event is sitting still if the previous event is either a standto-sit or lie-to-sit transition (DA2 = Yes).
Performance Evaluation of the System
BASIC PERFORMANCE TEST: SENSITIVITY AND SPECIFICITY
In order to evaluate the performance of the device in identifying still postures and dynamic activities, 10 subjects were recruited for the laboratory-based test. Sensitivity and specificity for identifying postural transitions (sit-stand transitions, lie-sit transitions) and walking were recorded. In the sensitivity test, the subjects were asked to perform separate test items according to the facilitator's instruction. The test items include the reciprocal postural transitions (sit-stand transitions and sit-lie transitions) and continuous walking movements. The subjects repeated each postural transition 20 times. In addition, the sensitivity of walking was obtained from 50 seconds of continuous walking steps performed by each subject.
For the specificity test, five test items were arranged into phase A (sit-to-stand and sit-to-lie), phase B (stand-to-sit and walking), and phase C (lie-to-sit). According to the algorithm, when a subject is sitting still, his/her possible posture transition from that state is either sit-to-stand transition or sit-to-lie transition. Therefore in phase A, the subjects were initially in the sitting-still posture and they can perform any movement other than the sit-to-stand or sit-to-lie transitions. Similarly in phase B, the subjects were initially standing still, and then performed any movements other than stand-to-sit transition or walking movement. In phase C, the subjects performed any movements other than lie-to-sit transition as they were initially lying. Each subject performed a total of 50 movements. Note that during the test, the subjects were allowed to vary their movement speeds or time intervals arbitrarily, and they were told to avoid performing ambiguous movements. For example, in phase A, the subjects were asked to avoid performing a movement similar to sit-to-lie transition even though they subjectively considered it a free movement.
Good identification accuracy was obtained in the performance evaluation. Table 1 shows the sensitivity and specificity obtained from 200 and 500 data samples, respectively. Note that the evaluation did not include sitting still or standing still postures because both still postures are associated with the results of previously identified postural transitions or walking.
DEMONSTRATION OF LONG-TERM TELEMONITORING AT HOME
The physical activity monitoring system developed in this research was implemented in a home environment to demonstrate the possibility of long-term telemonitoring of physical activity at home. Figure 9 is the activity chronograph that shows the continuously recorded activity data from a test subject at home in a typical day. This figure contains 6.75-hour data in the 15-hour monitoring period. The tester could not wear the sensor continuously in some situations, such as taking a shower, going outside, etc. Therefore, the vertical time axis is not continuous. In this figure, lines of various lengths represent respective events (events 1-9) identified by the system. For example, the subject was lying from 4:00 pm to 9:00 pm, and mostly sitting from 9:00 am to 12:00 pm.
The recorded activity data can be statistically classified as in Figure 9 , which shows the numbers and percentages of each dynamic activity or static posture within the entire monitoring period. The subject also made a report to register his/her actual activities during this period, and the monitored data reveal good correlation with the report. While the chronograph in Figure 9 shows the pattern of the subject's daily activity, the quantitative data in Figure 10 can be used to form indices of the mobility level of the subject.
Discussion
The real-time system using a single wearable motion detector for physical activity identification was presented in this paper. A miniature tri-axial accelerometer was used as the motion sensor due to its superiority of accurate acceleration/tilt sensing, fast response, and low power consumption. The identification algorithm was specifically developed for microprocessorbased wearable systems to identify the target human static postures, level walking, and dynamic postural transitions. The potential capability of fall detection was also presented. Good identification accuracy was obtained in the performance evaluation, though the nature of actual human movements in daily living is more complex than what is considered and characterized in the algorithm.
This system is based on the decentralized home telehealth system structure described in the first section, which can be easily implemented in a home environment and is economically viable and acceptable to the end-users. This system can be used for long-term physical activity and mobility monitoring in the home environment. As depicted in Figure 1 , alert messages will be sent out to the caregivers in the form of mobile phone text messages, short message service (SMS), or e-mails if potential urgent situations are detected (falls, lack of movement, etc.). Moreover, multiple sensors (wearable motion detectors) with different sensor identification numbers can be connected to the same DDS in the situation when there is more than one user at home.
During the performance evaluation and implementation of the system in the home environment, the following limitations regarding real-time processing and telemonitoring of physical activities were also observed.
Tri-axial Accelerometer
An advanced capacitance tri-axial accelerometer was used to measure both the acceleration and trunk tilt of the human body. For such a gravity-responsive accelerometer, the most precise tilt sensing can be maintained when the accelerometer is at static, or under constant acceleration. Degradation of tilt sensing accuracy in changing acceleration magnitude is inevitable. 22 Therefore, the acceleration data acquired from the wearable motion detector cannot be used to precisely interpret the complex nature of human motions. In spite of this constraint, tilt sensing and acceleration measurement using one tri-axial accelerometer is still valid for normal physical activity because the resulting sensor outputs still preserve apparent characteristics for either trunk tilt or acceleration patterns. Event number 1: lying still, no.2: sitting still, no.3: standing still, no.4: walking, no.5: sit-to-stand, no.6: stand-to-sit, no.7: lie-to-sit, no.8: sit-to-lie, no.9: possible fall.
THE WEARABLE MOTION DETECTOR
The wearable motion detector was designed to be clipped onto a waist/pant belt. However, carrying the device might limit some movements in lying posture and therefore further influences the wearer's comfort, and the tester could not wear the device in some situations, such as taking a shower, going outside, etc. This has been an important usability issue for fall detector in general, as these are often the situations where users are at great risk of fall at home (getting out of the shower, getting out of bed to go to the bathroom at night, etc.). Usually a specially designed waist belt that contains the fall detector (the wearable motion detector in this research) is provided in the situation when the user cannot clip the fall detector to a pant belt. In addition, reduction in the size and weight of the device is also an important design issue in improving the comfort of the users. Moreover, power capacity is an important consideration for the practicality of such wearable devices. To extend the time for use, a battery cartridge of larger power capacity can be selected. Proper selection of sampling rate in the microprocessor is also important in order to maintain optimal power longevity. For example, when the subject is at static state, the microprocessor should be set at a lower sampling rate because higher signal resolution is not necessary.
REAL-TIME IDENTIFICATION
The algorithm developed in this study has the ability to provide realtime status of physical activity. The microprocessor has sufficient computation capability for the real-time processing. However, because each physical activity must be identified in continuous intervals with discrete short samples, real-time systems usually cannot provide the identification accuracy higher than that of the off-time analysis systems. 9 The limitation concerning the identification accuracy of both off-line and real-time systems is the complex nature of human movement. People usually perform mixed and combined movements in their normal activities of living. Even the diverse characteristics of one activity item can be observed from the same person. Advances in signal processing techniques such as self-adaptive parameter tuning can be further employed to enhance the identification accuracy.
The system developed in this research has been technically proven to be feasible for continuous telemonitoring of physical activity at home. This real-time system can provide sufficient information in evaluating the subject's activities of daily living pattern and his/her physical mobility level. The use of the Ethernet-accessible DDS at home also enables remote real-time monitoring via the Internet. This home telehealth system has potential applications in rehabilitation, elderly care, and personal health management.
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